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Abstract—We present a new approach for image and video quality evaluation in telemedicine applications, 
relying on analyzing the quality of a pre-known reduced size logo embedded in an unused part of the medical 
ultrasound frame. The method is tested using two different objective metrics, namely: the Peak Signal to Noise 
Ratio (PSNR) and the Structural SIMilarity index metric (SSIM). Comparisons with subjective results in 
terms of Differential Mean Opinion Scores (DMOS) are also presented. We show that the presented method, 
not needing the original frame to predict the quality, achieves a high correlation with subjective results (more 
than 0.9) for the different quality metrics used. We also present relationships between the quality derived via 
the logo and via the original frame and we assess the overhead in data transmission resulting from the 
compressed logo data and its protection overhead. 
 
Index Terms—Visual quality evaluation, medical ultrasound, objective quality metrics, subjective quality 
metrics, medical quality of service/experience, wireless telemedicine 
1. INTRODUCTION 
Recently, there has been a large interest in electronic and mobile healthcare applications making use of advances in 
multimedia content processing and emerging high data rate wireless transmission standards [1-6]. Quality of Service 
/ Quality of Experience (QoS/QoE) is an important aspect in assessing the validity and reliability of multimedia 
telemedicine applications [6-11]. There is therefore a need to develop efficient and accurate image and video quality 
assessment (IQA/VQA) methodologies that enable a physician or a medical specialist to have enough confidence to 
use the  medical data (e.g. a medical ultrasound scan) for diagnosis purposes  even after processing and transmission 
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over wireless channels which are prone to errors and may introduce degradations. Example use cases include remote 
medical tele-consultation in an accident scenario where medical ultrasound data is being transmitted from a remote 
location (e.g.an ambulance in an accident site) to a medical expert in a hospital as addressed by the Concerto project 
[12-13]. 
Traditionally, subjective or objective and hybrid approaches [7, 12-21] are used to assess the quality of an image or a 
video. Subjective quality assessment for healthcare applications relies on medical experts or trained users visually 
analysing and rating the images or videos on a scale of 1(bad) to 5(excellent), often  by comparing them with the 
originals. A Mean Opinion Score (MOS) of the image or video being assessed, or Differential MOS (DMOS) with 
respect to the original, is obtained. Subjective testing is considered the ultimate approach for quality evaluation. 
However, to make such an assessment, an adequate number of experts is needed and experiments have to be carried 
out, which make this process time consuming and expensive. Objective quality metrics are alternative measures 
relying on algorithms or statistical analysis to automatically quantify the perceived quality of the image or video by 
comparing some features of the original and processed image or video (e.g., impairments introduced by lossy 
compression or artefacts and degradations due to transmission). Examples of  objective metrics include the mean 
square error (MSE), the peak signal to noise ratio (PSNR) and the structural similarity index metric (SSIM). Hybrid 
metrics aim at combining the two methods of assessment. This is normally achieved by correlating the results 
obtained from subjective and objective tests and by making use of the experience obtained from previous subjective 
tests to obtain an objective figure of merit for new sets.  The main drawback of objective methods is that the quality 
score obtained is not always well correlated with the subjective experienced quality.  
In general, the original image or video is needed for the quality assessment (Full Reference (FR) approach), while 
this may not be available or practical in real time telemedicine applications.  Objective quality assessment methods 
can be in fact classified as Full Reference (FR), Reduced Reference (RR) and blind or No Reference (NR) categories. 
Unlike FR methods, which require access to the original image or video frames as references for quality assessment, 
RR methods only need partial information in the form of some extracted features of the original to be sent as 
ancillary data. NR methods are more challenging and are normally designed for specific types of pre-known 
distortions. NR Image/Video Quality Assessment (IQA/VQA) generally rely on feature extracting and feature 
learning based methods. A good overview of such techniques can be found in [34, 35].  
Some approaches to blind quality assessment proposed the use of watermarking as in [21]. This approach may not be 
suitable for medical applications as it introduces unwanted artefacts into the region of interest (ROI) of the medical 
image or video frame of interest which may affect the sought after medical information for diagnosis purposes. A 
recent work considers a white image (“static pattern”) and compares the original frame (at the transmitter) and the 
received frame (at the receiver) with it, assessing then the difference [25]. While the correlation with subjective 
results is reasonable, this is not high enough for medical images. All NR and RR techniques reported in the literature 
vary in complexity and processing requirements [34, 35] and may not particularly answer the needs in a telemedicine 
application.  
In this paper, we present a reduced reference image and video quality assessment method targeting ultrasound 
telemedicine and mobile healthcare applications.  The proposed method does not need extracted features from the 
original image/video for quality assessment, does not introduces unwanted artefacts into the region of interest, and 
achieves a high accuracy in quality estimation. 
The paper is organized as follows: In Section 2, we describe the new approach. In Section 3, we introduce the main 
materials and methods used for our investigations. In section 4, we compare objective metric results obtained from 
the proposed approach with their full reference (FR) counterparts and we present relationships linking the two sets of 
metrics. In Section 5, we present comparisons of the metrics obtained from the new method with subjective tests 
based on Differential Mean Opinion Score for HEVC sequences.  Finally, Section 6 concludes the paper. 
2. THE PROPOSED LOGO BASED METHOD 
2.1 Method description 
 
The proposed method exploits the black unused areas in a medical ultrasound image or video frame. This approach 
relies on inserting a pre-known reference ultrasound image of smaller size (“logo”) in an unused black area of the 
original frame of interest.  
The reference logo frame is known in advance and is representative of a typical ultrasound frame of the medical 
organ of interest. There is therefore no need to acquire the original full frame for quality evaluation and this method 
could hence be considered “No-Reference” from this point of view. A small overhead is however associated to the 
transmission of the logo instead of the black area, hence we refer to this method as reduced reference. 
During processing and transmission through the communication channel (for instance a wireless channel), the logo 
will undergo the same effects and degradations as the original frame or region of interest (ROI) in the frame. Possible 
pre-processing functions applied to the logo include compression, interleaving to randomize the effect of bursty 
errors during transmission and insertion of error correction coding and redundancy data for protection in a similar 
way to the ROI or the whole original frame.  
At the receiving end, analysis is done on the pre-known logo part to determine objectively its quality. The obtained 
logo quality is highly correlated to the overall target frame of interest as will be shown below and subsequently the 
system reports the quality of the overall frame and informs the medical experts of the figure of merit, hence enabling 
them to judge the validity of the received ultrasound frame before diagnosis.  
Once the quality evaluation process is concluded, the logo part can be discarded and replaced back by black pixels 
or voxels to minimize any possible distraction to the medical experts examining the original frame for diagnosis 
purposes. It is also possible to replace the logo area at this final stage by the quality evaluation value indicating a pass 
or fail. 
Several tests were performed by the authors to decide on a suitable logo size in a typical ultrasound frame. It was 
found that a representative logo of one sixteenth the size of the original frame (or a quarter of each dimension of the 
main frame)   is adequate to obtain high correlation coefficient values (more than 0.9) between the quality of the 
original frame and the logo under varying noise and compression conditions, as will be presented in the following 
section. 
An illustration of the proposed method is presented in Fig. 1 and Fig. 2. 
We propose hence to use the quality evaluated on the logo based on a full reference objective metric as an 
estimation of the quality of the full frame. 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1 Block diagram of the proposed method  
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Fig. 2. A typical ultrasound frame with an inserted logo 
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2.2  Objective full reference metrics  
 
The proposed metric can be obtained for instance based on the following objective quality metrics. 
1) The first metric we use is the Peak Signal to Noise Ratio (PSNR) defined as: 
 
,  (1) 
 
where D is the bit depth and MSE is the Mean Square Error given by: 
 
,          (2) 
 
where I is the original uncompressed and distortion free image frame of size L ×W and I’ is the modified image 
frame after being compressed or subjected to other form of processing or distortion. 
2) The second metric we use is the Mean Structural SIMilarity (MSSIM), which is designed to improve the accuracy 
with respect to PSNR and MSE metrics and is shown to perform better than PSNR for medical ultrasound images 
[29]. SSIM relies on combining the luminance, contrast and structure comparison of two image window blocks x and 
y of the whole image and is defined as: 
 
,            (3) 
 
where µ is the average, σ2 is the variance and σxy is the covariance of the luminance values in the window blocks. C1 
and C2 are two small value variables to stabilize the division. MSSIM is a quality measurement over the entire image 
frame as follows: 
 ,                        (4) 
where M is the total number of windows applied to the frame. 
 
The logo-based metrics we propose (QLPSNR and QLMSSIM) can be evaluated based on the two objective quality 
metrics above. Other objective quality metrics can be evaluated by applying the same methodology. The logo-based 
metric represents a good estimation of the actual quality of the full image/video sequences as will be shown in 
Section 4. 
3 MATERIALS AND METHODS  
3.1 Medical data-set considered 
 
The performance of the objective VQA metrics is evaluated on nine original medical ultrasound videos, with a frame 
resolution of 640 x 416. Each video sequence has 100 frames, encoded at 25 frames per second (fps). Of the nine 
ultrasound videos, three videos are related to the heart and liver each, two for kidney, and one video is related to the 
lung. An example frame of each medical video sequence used in the tests is shown in Fig. 3 
 
Fig. 3  An example frame of the nine ultrasound video sequences used for validation  
 
 
 
 3.2 Summary of tests 
 
We first investigated the impact of varying the Gaussian noise level on the logo quality estimation. This was 
followed by an investigation of the impact of JPEG 2000 compression with nine different compression ratios as 
examples of degradation that can impact the quality of the ultrasound frame. 
For the evaluation of the impact of HEVC compression, the sequences were compressed at eight different 
Quantization Parameter (QP) levels using the HM reference software provided by the Joint Collaborative Team on 
Video Coding (JCT-VC) team [37].  For further details and the description of the conditions of the subjective tests, 
the reader is referred to [29]. The results of these investigations are presented in Section 4. Finally, we compared 
objective HEVC results and subjective test results in Section 5. 
4  ANALYSIS AND NUMERICAL RESULTS  FOR OBJECTIVE TESTS 
 
In this section, several objective quality metrics are compared for the logo and the main frame to demonstrate the 
validity of the proposed method under varying noise and compression conditions as examples of degradation or 
distortions that can affect the medical ultrasound frames. Correlation figures are obtained and relationships linking 
logo and main frame metrics are presented. The compression and redundancy overheads will be also discussed.  
 
4.1 Comparison of the Metrics on logo and main frame with varying Gaussian Noise Levels 
Different tests were performed on the raw ultrasound main frames. A logo size of 160 × 104 pixels, which is a 
quarter of each dimension of the main frame or one sixteenth of the size of the original frame total number of pixels, 
was selected as the most suitable in terms of size and obtained correlation coefficient values (> 0.9) among those 
tested. This logo size was selected to fill as much as possible the black (top right unused region) of the frame which 
results in good correlation values as will be shown below.    
For these tests, we used one pre-known frame of the medical organ in question (e.g. heart) as a logo that was inserted 
in each of the nine tested sequences. Averaging was then done to obtain a single value for the logo quality and the 
main frame quality at different noise levels. 
Results of the considered quality metrics evaluated on the logo and on the main frame with varying Gaussian noise 
levels are shown in Fig. 4 (a) for PSNR and (b) for MSSIM. Nine medical sequences were tested as detailed in [29]. 
Fig. 5. shows an example of the XY relationships between the main frame and logo metrics in the case of Gaussian 
noise. It is concluded that high correlation coefficient values (> 0.9) are obtained with the selected logo size for all 
the metrics. Table I summarizes the correlation coefficient values for all the cases. 
Curve fitting of the XY relationships allows the estimation of the main frame quality metric value for a 
corresponding value of the logo metric and vice versa. The following relationships linking the different quality 
metrics in the case of noise are obtained from curve fitting: 
QLPSNR    ,       (5) 
,    (6) 
The R-square and Spearman rank goodness of fit values were above 0.9 for all studied cases as shown in Table 1. 
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(b) MSSIM Noise results for main frame and logo 
Fig. 4.  Results of different metrics versus Gaussian noise 
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(a) XY relationship of main frame and logo PSNR with noise 
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(b) XY relationship of main frame and logo MSSIM with noise 
Fig. 5.  XY relationships in the case of noise 
4.2 Comparison of the Metrics on logo and main frame for JPEG2000 compression with different Compression 
Ratios 
 
Different tests were performed to evaluate the effect of compression on the obtained quality metrics for the main 
frame and the logo. JPEG2000 compression was selected as an example of a compression standard. The logo size 
was again a quarter of the main frame size. For these tests, we used one pre-known frame of the medical organ in 
question (e.g. heart) as a logo that was inserted in each of the nine tested sequences.  Averaging was then done to 
obtain a single value for the logo quality and the main frame quality at different compression ratios. 
 Results of the different quality metrics with varying compression ratios are shown in Fig. 6 (a) for PSNR and (b) 
for MSSIM. Fig. 7 shows the XY relationships between the main frame and logo metrics in the case of JPEG2000 
compression.   
It is concluded that high correlation coefficient values (> 0.9) are obtained with the selected logo size for all the 
metrics. Table I summarizes the correlation coefficient values for all the cases. 
The following relationships linking the different quality metrics in the case of JPEG2000 compression are obtained 
from curve fitting: 
 
 ,             (7) 
 
,     (8) 
 
The R-square and Spearman rank goodness of fit values were above 0.9 for all studied cases as shown in Table 1. 
 
 
Table 1 Summary of Correlation Coefficients and Goodness of Fit for Studied Cases 
 
Degradation 
Average 
PSNR 
R Square 
Goodness of Fit 
Spearman 
Rank 
Average 
MSSIM 
R Square 
Goodness of Fit 
Spearman 
Rank 
Gaussian Noise 0.9999 0.9931 1 0.9850 0.9604 0.9703 
Compression 0.9975 0.9944 0.9951 0.9972 0.9937 0.9945 
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 (a)PSNR compression results for main frame and logo 
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(b) MSSIM compression results for main frame and logo 
 
Fig. 6.  Different metrics versus compression ratio 
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(a) XY relationship of main frame and logo PSNR with compression 
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(b) XY relationship of main frame and logo MSSIM with compression 
Fig. 7.  XY relationships of the metrics in the case of compression 
4.3 Overheads 
Table 2 presents an example of the size of a compressed ultrasound frame with and without the added logo, for 
different JPEG 2000 compression ratios (CR) for a raw portable pixmap format (ppm) frame of 798.735 kbits. The 
associated overhead is also reported. It is shown that the overhead due to the logo in the compressed frame is 
negligible for all the studied cases and is lower than the overheads of RR methods reported in literature (e.g. [22, 
23]).  
 
Table 2 JPEG2000 Frame Size (bits) for Different Compression Ratios 
 
CR 15 20 30 100 500 
Size of Main Frame only in bits 52750 39377 26158 7776 1662 
Size of Main frame with logo in bits 52793 39410 26190 7813 1674 
Overhead in bits 43 33 32 37 12 
Percentage overhead 0.081 0.083 0.122 0.475 0.722 
 
4.4 Tests with HEVC Sequences 
 
Nine different medical ultrasound videos sequences compressed using High Efficiency Video Coding (HEVC) [22-
24] were tested using the new technique. The ultrasound sequences were related to different organs (e.g. heart, liver, 
lungs). Eight different quantization parameter (QP) levels (27 to 41 in steps of 2) of the HEVC encoder were tested 
for each sequence [29].  Tests were first carried out to obtain the average correlation coefficients of the logo with 
main frame objective metrics. This was then followed by a comparison of subjective Differential Mean Opinion 
Scores (DMOS) results with objective logo metrics as will be shown in the next section. 
The results of the individual and average correlation coefficient between the logo metrics (QLPSNR and QLMSSIM) 
and the corresponding average main frame metrics are summarized in Table III. The obtained Spearman rank for the 
tested cases is 1. An example of the MSSIM XY relationships for the logo and the main frame for each of the nine 
tested sequences are shown in Fig. 8. It is concluded that, similar to the cases investigated in the previous section, 
high correlation coefficients (> 0.9) are obtained for HEVC video sequences for the different objective metrics. 
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Fig. 8.  XY relationships of MSSIM metric for the main frame versus logo for the different tested HEVC compressed sequences  
 
 
 
 
 
 
 
 
 
 
 
 
Table 3 Summary of Correlation Coefficient Values for HEVC Objective Tests (Logo and Main Frame) 
 
Metric PSNR MSSIM 
Sequence 1 0.9995 0.9956 
Sequence 2 0.9993 0.9945 
Sequence 3 0.9990 0.9931 
Sequence 4 0.9992 0.9924 
Sequence 5 0.9995 0.9968 
Sequence 6 0.9993 0.9944 
Sequence 7 0.9992 0.9908 
Sequence 8 0.9994 0.9956 
Sequence 9 0.9985 0.9940 
Average  Correlation Coefficient  0.9992 0.9941 
Standard deviation 0.0002 0.0017 
 
If we were to use five sequences (Sequences 1, 2, 4, 6, 9) selected at random (instead of the nine sequences used 
above) to train the logo quality estimation system, the maximum error in the estimated main frame quality for the 
other four sequences would be approximately 0.5% for PSNR and 0.3% for MSSIM.  
5  SUBJECTIVE TESTS INVESTIGATIONS AND RESULTS 
A group of four medical experts and 16 viewers with no medical expertise provided DMOS results for the nine 
HEVC sequences and eight different QP levels. Medical experts assess the sequences based on diagnostic quality 
while non-experts assess the sequences from a visual quality perspective.  The subjective test results were obtained 
using the double stimulus continuous quality scale (DSCQS) as recommended in ITU-R-BT.500-11 [36,29]. 
Differential Mean Opinion Score (DMOS) results were then computed as summarized in Table 4. These subjective 
results were then compared with the logo objective metrics using PSNR and MSSIM metrics. An example of 
comparative results for the different tested sequences is shown in Fig. 9 for the case of logo MSSIM metric. 
Individual and average logo correlation coefficients were finally obtained as shown in Table 5. It is concluded that 
high correlation coefficients (> 0.9) between the logo metrics and DMOS subjective results are obtained. The highest 
average correlation value is obtained using the logo MSSIM metric. 
 
 
 Table 4. Summary of DMOS results for the different sequences and different quantization parameters 
QP Sequence 
1 
Sequence 
2 
Sequence 
3 
Sequence 
4 
Sequence 
5 
Sequence 
6 
Sequence 
7 
Sequence 
8 
Sequence 
9 
27 5.55 5.55 9.72 4.16 6.94 5.55 5.55 9.72 8.33 
29 11.11 6.94 2.77 5.55 8.33 6.94 11.11 9.72 13.88 
31 13.88 18.05 15.27 13.88 11.11 13.88 9.72 18.05 19.44 
33 23.61 23.61 33.33 19.44 23.61 15.27 20.83 27.77 33.33 
35 33.33 31.94 37.50 25.00 36.11 26.38 27.77 34.72 51.38 
37 43.05 37.50 48.61 33.33 44.44 40.27 34.72 50.00 62.50 
39 50.00 51.38 61.11 41.66 62.50 45.83 50.00 61.11 76.38 
41 62.50 59.72 72.22 51.38 66.66 52.77 66.66 66.66 84.72 
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Fig. 9.  XY relationships of subjective DMOS results versus QLMSSIM metric for different HEVC compressed 
sequences  
 
 
 
Table 5 Summary of Correlation Coefficient values for HEVC Subjective tests (Logo  and DMOS) 
 
Metric QLPSNR QLMSSIM 
Sequence 1 0.9867 0.9953 
Sequence 2 0.9861 0.9915 
Sequence 3 0.9720 0.9761 
Sequence 4 0.9857 0.9961 
Sequence 5 0.9729 0.9792 
Sequence 6 0.9711 0.9817 
Sequence 7 0.9549 0.9861 
Sequence 8 0.9797 0.9842 
Sequence 9 0.9873 0.9845 
Average  Correlation Coefficient 0.9774 0.9861 
Standard deviation 0.0101 0.0065 
 
If we were to use five sequences (Sequences 2, 3, 4, 7, 8)  selected at random (instead of the nine sequences used 
above) to train the logo quality estimation system using the subjective test results, the maximum error in the 
estimated quality for the other four sequences would be approximately 2.5% for PSNR and 0.6% for MSSIM. It is 
concluded that the MSSIM metric gives the smallest error in the estimation of quality. 
A comparison of Video Quality Assessment (VQA) metrics for HEVC in medical ultrasound was presented in [29, 
30]. The average QLMSSIM correlation results obtained above are comparable to the SSIM, the Video Information 
Fidelity (VIF) [31] and the Universal Quality Index (UQI) [32] metric results reported in [29] and better than VQM 
[33] metric results also reported in [29].  We highlight that while the metrics considered in [29] require the original 
image as reference, this is not required by the method presented in this paper. 
6.  CONCLUSIONS 
A new method for image and video quality assessment (IQA/VQA) of medical ultrasound applications was 
presented. The new technique relies on inserting a pre-known reduced size logo with the same characteristics (i.e. 
similar organ of interest and layout) as the original frame of interest. The logo is inserted in a redundant or unused 
part of the original frame for quality evaluation purposes. Tests have shown that high correlation of the quality 
metrics (> 0.9) is achieved when the logo size is a quarter in each dimension (i.e. one sixteenth) of the main frame 
size. The effect of noise and compression were evaluated for PSNR and MSSIM. It was shown that the overhead due 
to the logo in the compressed image is negligible for the tested JPEG2000 frames. HEVC objective and subjective 
test results revealed high correlation coefficient values between the logo and the used metrics. The MSSIM metric 
gives the best correlation results. 
The presented technique can be extended and applied to other medical applications such as CT, MRI and X-ray 
frames and to other image and video applications where a logo can be inserted in a redundant area of the frame 
without affecting the main content. 
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Highlights 
 
 A new quality assessment method for medical ultrasound applications 
was presented. 
 A pre-known logo is inserted in an unused part of the original frame. 
 Objective and subjective test results show high correlation coefficient 
values.  
 The new technique can be extended and applied to other medical 
applications.  
 
*Highlights (for review)
